Abstract. The heterogeneities are characterized by several sedimentary petrofacies. Petrofacies identification involves manual processes and time-consuming analyses. The study of the diagenesis has been encouraged by petroleum companies, in order to understand the distribution of porosity in sandstones. This work aims to analyze the use of clustering approaches to identify petrofacies and assist the analysis of petrographic data. In addition, this study introduced the use the phylogenetic analysis tools to understand the diagenetic process that occurred during sedimentary rock formation. The proposed methodology reaches similar results to those obtained by the conventional method of individualization while allows for reducing time and cost in the individualization task.
Introduction
Exploration and optimization of production of oil fields are subject to the definition and distribution of heterogeneities of hydrocarbon reservoirs, what makes these tasks are paramount. For a rock to be regarded as an appropriate reservoir for exploration and extraction, it must have an acceptable reach, good porosity, a permeable magnitude and a hydrocarbon recovery factor, among other factors. Such properties, called petrophysics, are linked to the depositional pathway of the sediment accumulation units, especially to the sedimentation conditions and the diagenetic process, being the same of extreme importance for the definition of the quality of the reservoir. The heterogeneities are characterized by means of several sedimentary petrofacies, a set of petrographic features that individualize a group of rocks.
Diagenesis is the set of transformations that the sedimentary deposit suffers after deposition, comprehension in the changes in the conditions of pressure, temperature, Eh, pH and water pressure, resulting in dissolution and precipitation through aqueous solutions in the pores. The process ended in the transformation of inconsiderate deposit into rock, or lithification.
The sedimentary petrofacies can be identified by counting under a petrographic microscope of transmitted light, in order to evaluate the heterogeneities present in the reservoir of interest. This procedure is usually long because it involves the process of sampling, data generation and subsequent interpretations of the same. As previously mentioned, the petrophysical properties are related to the diagenetic history of the formation of rocks, in order to initiate a study of the use of phylogenetic analysis to aid in the understanding of diagenesis and in the characterization and individualization of petrofacies. Due to the large amount of data, not all information is used with the manual method. Consequently, it becomes interesting to change the use of manual methods for automatic analysis through computational tools.
In this context, Computational Intelligence techniques, more precise clustering methods, appear as a useful mechanism to assist in the determination of petrofacies. In recent years several papers have used techniques based on computational intelligence to assist in solving problems of reservoir characterization and the employee methods based on phylogeny in various problems. [Ruzgar and Erciyes 2012] developed a technique called Clustered Neighbor-Joining (CNJ) which is based on the use of clustering methods followed by a technique to construct phylogenetic trees. In this work was used in data Y DNA haplogroups.
[ Kadkhodaie-Ilkhchi et al. 2013 ] applied a hierarchical clustering technique to determine electrofacies in well profile data (gamma ray, sonic transit time, apparent density and neutron porosity). [Martinelli and Eidsvik 2014] employed grouping strategies to construct sequential designs for Bayesian Networks and Random Markov Fields of preoil prospects, helping in the decision of which well to drill first. [El Sharawy and Gaafar 2016] used Cluster Analysis and Principal Component Analysis to identify electrofacies in seismic profile data (gamma ray, sonic, density and neutron).
[ Oliveira and Pereira 2009] was hypothesized that the diagenetic changes that control the petrophysical characteristics of the reservoirs present a close relationship with the stratigraphic framework and he characterized in stratigraphic and petrographic terms the sandstones interdigitated with the shales of the Ponta Grossa Formation. The database used in this work is the result of the research cited.
This work aims to apply clustering techniques to determine sedimentary petrofacies in a way that can assist the geologist/petrologist in this task and apply a method of Phylogenetic Analysis to analyze the behavior of the samples. Therefore, was opted for the use of unsupervised techniques, since the idea is not to have the samples previously categorized.
Materials and Methods
The data analyzed are petrographic thin-sections collected from stratigraphic wells that reached the Tibagi, Devonian member of the Paraná Basin. This basin is located in a tectonically stable region, which has an area of 1400000km 2 with parts situated in Brazil, Argentina, Paraguay and northern Uruguay, as shown in Figure 1 The manual process by [Oliveira 2009 ] is presented below: the collected samples were impregnated to obtain thin-sections for the characterization of the diagenetic process of the sandstones. This description originated data to analyze the diagenetic process and to establish its influence on the quality of the sandstones as reservoir of hydrocarbons. These thin-sections were analyzed under a Leica DMLP microscope with polarized light and reflected and photographed by Nikon Coolpix 9900 digital camera. The sandstones were characterized petrographically from the [Wentworth 1922 ] and textural grading of [Folk 1980] . The selection of the grains was based on the work of [Beard and Weyl 1973] . The samples were impregnated with blue epoxy resin to visualize the pores, according to the procedure proposed by [Cesero et al. 1989] and [Lindholm and Finkelman 1972] . The dyeing technique was used to identify carbonates. This methodology is in accordance with the publication of [Evamy 1963 ], which guides the use of a solution of alizarin (10%) and ferricyanide in dilute HCl (0.15%). All these processes were carried out in LGPA at UERJ. The samples were analyzed quantitative way through the count of 300 points in each thin-section, spaced 0.3 mm, where it was sought to recognize the diagenetic modifications and the chronological relationship between them, based on the textured and faciological relations observed.
In the samples from the Paraná Basin, were counted for each thin-section, the percentages of 22 constituents: quartz, total feldspar, muscovite, opaque minerals, tourmaline, zircon, rutile, glauconite, chlorite, pseudo matrix, lithoclast, bioclast, secondary growth of quartz, kaolinite, ilite/smectite, pyrite, siderite, carbonaceous cement, siliceous cement, ferruginous cement, intergranular porosity and intragranular porosity. Each thinsection prepared from samples collected in the drill hole is a sample with 22 features, which correspond to the amount of constituents counted. The database presents information from 5 wells and 44 samples in total.
According to the results obtained by the quantitative analysis of petrographic data, it was possible to identify the sandstones (by manual classification) in 6 different petrofacies: P-1, P-2, P-3, P-4, I-1 and I-2 [Oliveira 2009 ]. For Well 1 (PPG1) 12 thin-sections classified from PPG1-1 to PPG1-12 were analyzed. According to the manual analysis the samples PPG1-1, PPG1-9 to PPG1-12 were identified as belonging to the petrofacies named I-2; samples PPG1-2 to PPG1-8 to petrofacies I-1. From the Well 2 (PPG2) 11 thin-sections were analyzed, PPG2-1 to PPG2-11, where the PPG2-1 sample was classified in the P-2 petrofacies and the remainder in the P-1 petrofacies. In Well 3 (PPG3) the analysis was performed on 12 samples, PPG3-1 to PPG3-12. The PPG3-11 thin-section was classified as belonging to P-3 and the remaining 11 samples were pooled to P-1. Well 4 (PPG4) had 5 samples analyzed, PPG4-1 to PPG4-5, where all were classified as referring to P-4. Four thin-sections from Well 5 (PPG5), PPG5-1 to PPG5-4, plate PPG5-3 was identified as relative to P-3 and the remainder to P-1.
The methodology used in this work was into three parts: (1) Intra-Well Analysis, with the objective of analyzing the behavior of the methods in front of each well, individually, (2) the development of an Inter-Well Analysis, in order to verify the division of the thin-sections into groups when information from all wells is stored in the same database and (3) Phylogenetic Analysis technique in order to understanding of diagenesis and the characterization and individualization of petrofacies.
Intra-Well Analysis is intended to define the petrofacies and the way the samples were separated in these petrofacies [Cevolani et al. 2011] . This procedure consists of three techniques: clustering methods, silhouette analysis [Rousseeuw 1987 ] and Principal Component Analysis (PCA). In the Inter-Well Analysis, each cluster generated in the previous step was represented by the mean of its constituents and presented in groups by the methods applied in the Intra-Well Analysis. This procedure consists of two techniques: clustering methods and Principal Component Analysis (PCA). The Inter-Well Analysis is the complementation of Intra-Well, as it provides a deeper understanding of the behavior of nearby drill holes.
For the Phylogenetic Analysis was used the Neighbor-Joining method [Saitou and Nei 1987] , silhouette analysis and for visualization was used ETE 3 [Huerta-Cepas et al. 2016] . The clustering algorithms used in the first two parts were: DBSCAN (Density Based Spatial Clustering of Applications with Noise), K-Means and Ward (hierarchical), and later a comparison was made of the groupings found by these algorithms. These methods were chosen because they used different approaches.
DBSCAN [Ester et al. 1996 ] is a density-based algorithm where it finds the number of clusters by density distribution corresponding points. The method assumes that clusters are regions of high density separated by regions of low density. The technique begins with the random choice of a starting point p, called the central point. If a minimum number of points, M inP ts, distance or less, a -neighborhood is generated, forming an initial grouping. Since the method is iterative, these points can move, belonging or not to a grouping. The points not contained in some grouping generated will be called noise. The procedure is finalized when no new point can be added in some grouping.
K-Means [Xiong et al. 2009 ] is one of the most widely used and one of the simplest clustering algorithms. Through the selection of initial centroids, randomly, each sample is assigned to the nearest centroid. Later new centroids are created from the mean value of all samples designated for each previous centroid. The calculation of the difference between the old and the new centroids, repeating the process of the assignment of samples to the centroids, until this value is less than a threshold. It can be said that the repetition occurs until the centroids do not move significantly. The number of groupings to be generated is passed as a function parameter.
Ward [Seidel et al. 2008 ] is a hierarchical clustering method, which creates nested clusters, joining them gradually. It is based on Ward's technique, which is a minimization approach. Ward's minimum variance criterion minimizes the total variance within the cluster. At each step, the pair of clusters with the minimum distance is clustered. And in each step finds the pair of clusters that takes the minimum increase in the total variance within the cluster after the join.
An exhaustive search is performed for each parameter in a range according to each method. The parameters chosen are those that maximize the value of the silhouette. The definition of the silhouette analysis is described below.
Silhouette analysis is a technique proposed by [Rousseeuw 1987 ]. It is a geometric method based on the compaction and separation of clusters with the intention of to analyze the quality of the formed groupings. The optimal number of clusters is defined by the larger silhouette coefficient resulting from the silhouette analysis. For each sample i the value s i is defined by the following formula:
Considering that sample i belongs to cluster A, a i is described as the mean dissimilarity of sample i in relation to all other samples of cluster A. Let B be a grouping other than A, b i is the minimum mean dissimilarity of sample i in relation to all other samples of B. The silhouette coefficient of a set of data is given by the mean of the individual coefficients of the sampless
where N is the number of samples in the data set. The metric used to calculate the dissimilarity is the Euclidean distance. The value of itself varies from -1 to 1. Result close to 1, indicates that the objects are well grouped.
In order to visualize the results of the Intra-Well and Inter-Well Analysis in two dimensions, the PCA was applied. This technique projects the multidimensional data into a low space dimension, in case two. The main components are linear combinations of the original variables, each one conducting different statistical information with importance decreasing, that is, the first component has maximum variability in the data and each subsequent component has the maximum variance. In this way, they can be analyzed, showing the graphics of the first two main components, which statistical information. The PCA contributes to the interpretation of the collected data and to the separation of the important information from the redundant one.
To visualize the results of the Phylogenetic Analysis was used the Environment for Tree Exploration v3 (ETE3). ETE3 is a computational framework that simplifies the reconstruction, analysis, and visualization of phylogenetic trees and multiple sequence alignments. The new features include (i) building gene-based and supermatrix-based phylogenies using a single command, (ii) testing and visualizing evolutionary models, (iii) calculating distances between trees of different size or including duplications, and (iv) providing seamless integration with the NCBI taxonomy database.
[ Saitou and Nei 1987 ] created a method called Neighbor-Joining to define the closest pairs of elements or neighbors, in order to minimize the total length of the tree generated. A pair of neighbors is identified as being formed by two elements connected by a branch in a tree without bifurcating root, That is, two branches connected by an inner node. According to [Weir and Ott 1997] it is usually possible to define the structure of a tree by frequent pairings of neighbors. This technique starts with a star-shaped topology. Neighbors are the pairs of genera that, when merged, originate in a tree of smaller length. They must be united in order to generate a new combination. [Saitou and Nei 1987] presented that this technique causes a tree considered good, by pure addition of data, whose distance between each pair of genera is the sum of the lengths of the branches that bind them in the tree [Weir and Ott 1997] . Table 1 shows the number of clusters, the value found from the Validation Criterion (SCSilhouette). Figure 2 presents the clusters found by the three methods tested of wells PPG1, PPG2, PPG3, PPG4, and PPG5, respectively. For the PPG1 all methods generated two clusters, coinciding with the manual method in the classification of petrofacies I-1 and I-2. They have grouped 100% of the thin-sections correctly. In the PPG2, the DB-SCAN, K-Means and Ward methods found two clusters and the results coincided with the manual classification by correctly identifying the associated petrofacies. For the PPG3 the methods obtained two clusters and the results found coincided with the manual classification. In the PPG4, the methods found two clusters. By the conventional method, a single petrofacies, P-4, was identified. The method did not classify the PPG4-1 and PPG4-5 samples as belonging to P-4. The methods were able to distribute 60% of the thin-sections correctly. In the last well, PPG5, the methods found results that coincided with manual classification. By using the silhouette coefficient one can achieve good results. There are other criteria for group validation, but we chose the silhouette since it takes into account the intra-cluster and inter-cluster distances for each sample. Table 2 contains the ratios of the thin-sections and petrofacies to the groups found by the DBSCAN, K-Means and Ward methods, respectively. Where TS are the thin-sections and PF their respective petrofacies for each group. The techniques related, for each group, samples associated to a petrofacies. Figure 3 shows the visualization of the distribution of the groups found in the Inter-Well Analysis and its proximity.The first figure shows how the petrofacies were distributed by the conventional method. The following represent the form in which the petrofacies were separated into groups by the methods DBSCAN, K-Means and Ward, respectively.
Results and Discussions

Intra-Well Analysis
Inter-Well Analysis
In Figure 3 and Table 2 was observed that in the result obtained by DBSCAN method the group GPPG1-0 is isolated, since only it has samples of petrofacies I-1. TS  PF  TS  PF  TS  PF  GPPG1-0 PPG1 2 to 8 I-1 2 to 8 I-1 2 to 8 I-1 2 to 8 I-1 GPPG1-1 PPG1 1, 9 to 12 I-2 1, 9 to 12 I-2 1, 9 to 12 I-2 1, 9 to 12 I-2 GPPG2-0 PPG2 2 to 11 P-1 1 P-2 1 P-2 1 P-2 GPPG2-1 PPG2 1 P-2 2 to 11 P-1 2 to 11 P-1 2 to 11 P-1 GPPG3-0 PPG3 1 to 10, 12 P-1 1 to 10, 12 P-1 11 P-3 11 P-3 GPPG3-1 PPG3 11 P-3 11 P-3 1 to 10, 12 P-1 1 to 10, 12 P-1 GPPG4-0 PPG4 2 to 4 P-4 2 to 4 P-4 1, 5 P-4 1 to 5 P-4 GPPG4-1 PPG4 1, 5 P-4 1, 5 P-4 2 to 4 P-4 --GPPG5-0 PPG5 3 P-3 1, 2 and 4 P-1 3 P-3 3 P-3 GPPG5-1 PPG5 1, 2 and 4 P-1 3 P-3 1, 2 and 4 P-1 1, 2 and 4 P-1
Although the manual classification has designated the P-2 petrofacies for the GPPG2-0 group and P-1 for the GPPG5-0 group, the procedure employed suggests that these two groups have similar attributes. According to the Intra-Well Analysis the petrofacies P-4 was assigned to groups GPPG4-0 and GPPG4-1. The results suggest that the GPPG1-1 group has features associated with the GPPG2-1 and GPPG3-0 groups, as does the GPPG3-1 and GPPG5-1 groups, indicating that in each set the samples share the same features.
In the K-Means method, the group GPPG1-0 appears isolated, since it is the only one that contains thin-sections of petrofacies I-1. According to the manual classification and Intra-Well Analysis of petrofacies P-2 was attributed to group GPPG2-1 and P-1 to group GPPG5-1, but the methodology employed suggests that these two groups have similar attributes. As occurred in the Intra-Well Analysis the petrofacies P-4 was assigned to the groups GPPG4-0 and GPPG4-1. The results indicate that the GPPG1-1 group shares features with the GPPG2-0 and GPPG3-0 groups, as well as the GPPG3-1 and GPPG5-0 groups, indicating that in each set the samples share the similar attributes.
When applying the Ward method, it was observed that the group GPPG1-0 appears separated, since it is the only one that contains thin-sections of petrofacies I-1, not having attributes in common with the other groups. Although the manual classification has designated the P-2 petrofacies for the GPPG2-1 group and P-1 for the GPPG5-1 group, the methodology used indicates that these two groups have similar attributes. In the same way as in the Intra-Well Analysis the P-4 petrofacies were assigned to the GPPG4-0 and GPPG4-1 groups. The results suggest that the GPPG1-1 group shares features with the GPPG2-1 and GPPG3-1 groups, as well as the GPPG3-0 and GPPG5-0 groups, indicating that in each set the samples share the same attributes. Figure 4 shows the result of the Phylogenetic Analysis, where it can be observed that the samples belonging to petrofacies I-1 are separated into a subgroup. Samples belonging to P-3 were put together in a subgroup. Two of the five samples of the P-4 petrofacies were between P-1 samples, in the Intra-Well Analysis two samples were separated, which may be an indication that these samples may belong to P-1 and that the diagenetic process undergone by these samples were similar. The samples belonging to I-2 are among the samples of petrofacies P-1, in the Inter-Well Analysis it can be noted that the sample group(s) of the petrofacies I-2 is/are close to the group(s) of P-1, the same assumption made previously may be employed. A nan value appears, this is due to the fact that Neighbor Joining generates star tree, that is, without root. As we wanted to adopt this format to better illustrate the result, the root was nan. 
Philogenetic Analysis
Conclusions
The Intra-Well Analysis results can be seen in Table 1 and Figure 2 . The DBSCAN, K-Means and Ward methods arrived at the same result, and proved to be useful for identifying and classifying petrofacies, obtaining high indexes of accuracy compared to the manual method. Table 2 shows the results of Inter-Well Analysis. This procedure allows visualizing and identifying similarities between thin-sections of different groups and so on as the same petrofacies is distributed along different wells. The results were consistent with those found in Intra-Well Analysis.
The results from the Phylogenetic Analysis (Figure 4) made it possible to visualize the distribution of the samples and the respective petrofacies indicating the samples that similar diagenetic processes. Some results agreed with Intra-Well and Inter-Well Analysis.
The computational method associated with DBSCAN, K-Means and Ward methods can help the geologist/petrologist in the task of identifying the petrofacies, reducing the analysis time in comparison to the manual classification.Since K-Means is a simple method of being optimized, the results are generated faster, the method being more indicated. Phylogenetic Analysis can help in the understanding of the diagenetic process as well as in the classification of sedimentary petrofacies.
